Abstract
Traditionally, studies have sought to estimate the distribution of fitness effects (DFE) for nonsyn-53 onymous mutations by using summary statistics based on the number of polymorphisms and substitu-54 tions [3] [4] [5] and/or the full frequency spectrum [6] [7] [8] . These studies typically assume that synonymous 55 variation is neutral. Many of these analyses suggest that the distribution of deleterious fitness effects 56 is strongly leptokurtic; that is, while most nonsynonymous mutations are nearly neutral, there is a sig-57 nificant probability that an amino acid changing mutation will be strongly deleterious. While these 58 studies were limited to analysis of protein-coding genes, recently work has focused on quantifying the 59 DFE in regulatory regions, including short interspersed genomic elements such as enhancers [9, 10] and 60 cis-regulatory regions [11] . A review of many of these approaches can be found in ref. [12] .
61
There are several obstacles to quantifying the DFE of new or segregating mutations genome-wide.
62
First, inferences about the DFE are confounded by demography [13] . For example, a high proportion 63 of low frequency derived alleles is a signature of negative selection, but can also be caused by recent 64 population growth [14] . Hence, a well-supported demographic model must be used to appropriately 79 the human-chimpanzee ancestor, and that are now fixed in present-day humans. The method relies 83 on the realistic assumption that the set of real changes is depleted of deleterious variation due to the 84 action of negative selection, which has pruned away disruptive variants, while the simulated set is not 85 depleted of such variation. A support vector machine (SVM) was trained to distinguish the real from the 86 simulated changes using a kernel of 63 annotations (including conservation scores, regulatory data and 87 protein deleteriousness scores), and then used to assign a score (C-score) to all possible single-nucleotide 88 changes in the human genome, controlling for local variation in mutation rates. These C-scores are meant 89 to be predictors of how disruptive a given change may be, and are comparable across all types of sites 90 (nonsynonymous, synonymous, regulatory, intronic or intergenic). Thus, they allow for a strict ranking 91 of predicted functional disruption for mutations that may not be otherwise comparable. C-scores are
92
PHRED scaled, with larger values corresponding to more disruptive effects.
93
Importantly, human-specific genetic variation patterns are not used as input to train the C-score SVM.
94
In this work, we make use of the C-scores to provide a fine-grained stratification of deleteriousness in likelihood selection coefficient for each C-score, creating a mapping from C-scores to selection coefficients.
98
Using this mapping, we obtain a high-resolution picture of the DFE in Europeans and Africans, and 99 explore the DFE of different mutational consequences.
100

Results
101
A mapping from C-scores to selection coefficients
102
To map C-scores to selective coefficients, we obtained allele frequency information from 176 low-coverage to be neutral, to different models of demographic history. We compared constant population size, expo- by state), and may thus be a better reflection of the true demographic history.
117
We next fit a selection coefficient to the site frequency spectrum for each C < 40 using maximum 118 likelihood (see Methods). We restricted to C < 40 because very few sites have C ≥ 40, and hence 119 estimates of the selection coefficients for those C-scores are unreliable. Predictably, the lowest C-score 120 bin (C = 0) fits the neutral model (s = 0) best, as that was the bin used in the neutral demographic 121 fitting. In addition, the next highest bin (C = 1) also maps to s=0. Figure S3 shows that the site 122 frequency spectra of the C-score bins are well-modeled by our maximum likelihood fits.
123
We aimed to test the robustness of the selection coefficient estimates within each bin. We were specif-124 ically concerned about highly deleterious bins, which are composed of a smaller number of segregating 125 sites than neutral or nearly neutral bins, and could produce unstable or biased estimates. We obtained processes, such as positive selection, operating exclusively on highly scored polymorphisms.
132
After removing the C-score bins that best fit the neutral model, the remaining C-scores plotted as 
142
To test for the robustness of our mapping, we performed the same fitting procedure on a variety of 143 other conservation and deleteriousness scores (see Methods). Figure S6 shows that mappings are fairly 144 consistent across different choices of scores, except for highly deleterious bins, which we were already 145 excluding from the analysis. In the following, we only report results using the C-score mapping, as this 146 score has been shown to be a better correlate to functional disruption and pathogenicity than all the other 147 conservation scores mentioned above, and also controls for mutation rate variation across the genome,
148
while other scores do not [20] . Additionally, Figure S7 show that this score is the best at distinguishing 149 nonsynonymous from synonymous changes.
150
The distribution of fitness effects of segregating mutations in Yorubans and
151
Europeans
152
Using the C-score-to-selection coefficient mapping, we obtained the DFE of segregating polymorphisms in
153
Yoruba individuals. This distribution is highly leptokurtic when all polymorphisms are considered ( Figure   154 2, black dashed line), with a considerably high peak at neutrality and a long tail of deleterious mutations, 155 as has been observed before when estimating the DFE of coding sequences [3, 5-7, 13]. Interestingly, we 156 observe a pronounced drop in frequency for values of s < −10 −4 . We note that this is not due to our 157 capping our mapping at C = 39 as the selection coefficients we are able to map are of a greater magnitude 158 than this drop.
159
When we partition the data by the genomic consequence of the polymorphisms, some classes exhibit Table 1 .
172
Next, we partitioned the data by whether the polymorphisms were found in the GWAS database [29] 173 or not ( Figure S9 , Table 1 ). We observe a second deleterious peak among the GWAS SNPs, too, but 174 these SNPs are also highly enriched for neutral polymorphisms. In addition, we classified polymorphisms 175 by different ENCODE categories using the RegulomeDB classifier [30] ( Figure S10 , Table 2 ).
176
Finally, we compared the distribution of fitness effects between Yoruba and Europeans. We observe 
Discussion
183
The distribution of fitness effects (DFE) describes the proportion of mutations with given selection 184 coefficients. Knowledge of the DFE has profound implications for our understanding of evolution and 185 health. We believe ours is the first study to estimate the distribution of deleterious fitness effects in human 186 polymorphisms genome-wide, without assuming a parametric probability distribution for the DFE. We 187 infer a highly leptokurtic distribution for all polymorphisms, with a sudden drop in density at s ≈ −10 −4 , 188 which may be the cutoff between weakly deleterious and nearly neutral segregating mutations and highly 189 deleterious mutations that are easily pruned away by negative selection.
190
Our inferred non-synonymous distribution is bimodal and looks very similar to the one obtained
191
for nonsynonymous mutations in Drosophila in ref.
[5], with a peak at neutrality and another peak at 192 s ≈ 0.9 × 10 −4 , albeit with the difference that the neutral peak we observe in humans is relatively larger. is impossible to obtain such kinds of distributions using a gamma or lognormal probability distribution "all-or-nothing" effect, as would perhaps be expected when replacing an amino acid inside a protein.
207
Our method does not assume that synonymous changes are neutral, as do other studies [3, 5, 13].
208
Given that there is evidence for selection for codon usage in humans [34] and that our inferred DFE 209 for synonymous polymorphisms also exhibits a highly-deleterious peak, the assumption that synonymous in which C-scores have been estimated (for now, humans only). Nevertheless, it should not be hard 247 to obtain C-scores for other organisms in the future, although limitations on available annotations for 248 non-human organisms may make the approximation to the fitness distribution less accurate.
249
Materials and Methods
250
Site frequency spectrum likelihoods 251 We used the theory developed by Evans et al.
[39] to obtain the expected population site frequency 252 spectrum with non-equilibrium demography. Writing f (x, t) for the frequency spectrum at frequency x 253 and time t and g(x, t) := x(1 − x)f (x, t), we can approximate the dynamics of g(x, t) with selection and 254 mutation by solving the following partial differential equation:
255
.
CC-BY-NC-ND
subject to boundary condition:
where S is the population-scaled selection coefficient (S = 2N (0)s), θ is the population-scaled mutation Nielsen, ρ(t) is piecewise defined according to their Figure 7 .
261
We solve for g(x, t) numerically in Mathematica, and can then compute the expected number of 262 segregating sites with i copies of the derived allele out of a sample of n genes,
To compute the likelihood of the observed site frequency spectrum, S = (s 1 , s 2 , . . . s n−1 ) where s i 264 is the number of sites with i copies of the derived allele, for a given model, M , which includes both 265 demography and selection, we observe that the probability that a given site in a sample of size n has i 266 copies of the derived allele is
Thus, the likelihood of S is
We provide Mathematica scripts implementing this computation upon request.
269
Maximum likelihood fitting of exponential growth
270
The exponential growth model has two free parameters, r, the per generation growth rate and t, the total 271 time of exponential growth. We first obtained the site frequency spectrum for all sites with C = 0. Next 
323
. Red dots represent the maximum likelihood selection coefficient corresponding to each C-score bin. The blue line is a polynomial fitted to the discrete mappings using partial least-squares regression on the mapping of C-scores to log-scaled selection coefficients (after excluding the neutral bins). The grey shade is a 95% confidence interval obtained from bootstrapping the data 100 times in each bin.
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The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/002345 doi: bioRxiv preprint first posted online Feb. 4, 2014; Figure 3 . Comparison between the fitness effect densities corresponding to Yoruba and European polymorphisms with s < 0. In all panels, the y-axis is on a log-scale. The density was computed using a smoothing bandwidth = 0.15. Left panels: distributions of all polymorphisms. Right panels: distributions of nonsynonymous polymorphisms. The bottom panels are a zoomed-in version of the top panels, focusing on highly deleterious mutations (−3.5 < log 10 (−s) < −3).
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. Figure S1 . First 20 bins of the observed SFS for sites under different C-score bins. Note that the spectrum gets more skewed towards singletons with increasing C-scores, likely reflecting the action of negative selection on deleterious mutations.
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. CC-BY-NC-ND 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . Figure S2 . First 30 bins of the observed SFS for sites with C=0 (blue). The full SFS was fit to different models of neutral evolution under the Harris and Nielsen (2013) model (green), a model of constant size (red) or an exponentially growing population size model (here only shown running for t=10,000 generations at rate 5, grey). The y-axis is on a log-scale. The best-fitting exponential growth model was the one with the smallest rate (1) and duration (1,000 generations) and looked similar to the constant and Harris and Nielsen models, but was still not as good a fit as either of the latter two.
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23
. Figure S5 . Fitting of different functions to C-score mappings. We attempted to fit polynomial functions to log(-s) as a function of C-scores and a logistic function to C-scores as a function of log(-s). We find that the polynomial functions are a better fit than the logistic function, and, among the polynomial functions, the 5th degree polynomial (with a sum of least squares = 0.1962) is the only one that is both monotonically increasing and not showing signs of overfitting.
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. CC-BY-NC-ND 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/002345 doi: bioRxiv preprint first posted online Feb. 4, 2014; Figure S6 . Maximum likelihood mapping of different types of scores to a selection coefficient scale, excluding bins mapped to neutrality. Before mapping, scores were re-scaled on a common PHRED scale (see main text). The wide fluctuations to the right of the image are due to the small number of sites per bin at highly deleterious bins. We exclude these bins when fitting C-scores to selection coefficients in our main analysis. Figure S7 . Distribution of fitness effects at nonsynonymous, synonymous and all polymorphisms in Yoruba, using different types of conservation scores for mapping. We note that some form of bimodality at coding sites is observed in all but one of the distributions.
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. CC-BY-NC-ND 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/002345 doi: bioRxiv preprint first posted online Feb. 4, 2014; Figure S8 . Distribution of unmapped C-scores among YRI polymorphisms, partitioned by the genomic consequence of the mutated site. Consequences were determined using the Ensembl Variant Effect Predictor (v.2.5). NonSyn = nonsynonymous. Syn = synonymous. Splice = splice site. Figure S9 . Distribution of fitness effects among YRI polymorphisms, partitioned by whether the SNPs are found in the GWAS database or not. The right panel shows a zoomed-in version of the same distributions after removing neutral polymorphisms and log-scaling the x-axis.
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